Unlike globular proteins with stable native structures, peptides in solution, partially folded proteins, and natively unfolded proteins are best characterized as conformational ensembles of rapidly interconverting structures. Structural characterization of these dynamic systems is critical to understand principles of protein folding and to understand the basis of protein misfolding that results in protein aggregation and disease. NMR provides a method for the structural description of peptides and proteins in solution; however, observables such as NOEs and chemical shifts reflect averages of the properties of individual conformations, and the structural characterization of disordered systems cannot be done using conventional static constraints typically used for globular proteins.
Unlike globular proteins with stable native structures, peptides in solution, partially folded proteins, and natively unfolded proteins are best characterized as conformational ensembles of rapidly interconverting structures. Structural characterization of these dynamic systems is critical to understand principles of protein folding and to understand the basis of protein misfolding that results in protein aggregation and disease. NMR provides a method for the structural description of peptides and proteins in solution; however, observables such as NOEs and chemical shifts reflect averages of the properties of individual conformations, and the structural characterization of disordered systems cannot be done using conventional static constraints typically used for globular proteins.
One approach to the characterization of these conformational ensembles is to integrate NMR and computational strategies. 1a A number of computational methods have been suggested based on molecular dynamics with time-or ensemble-averaged NMR restraints introduced as an additional term in the effective potential used for structure refinement. 1a-e If the effective potentials are accurate enough and the sampling is extensive enough, it should not be necessary to add NMR restraint terms to the potential function to generate structural ensembles which fit the NMR data. However, there have only been a few comparisons published of the results of "unbiased" MD simulations of peptide ensembles and corresponding NMR experiments. 2a,b We recently reported the results of replica exchange molecular dynamics (REMD) simulations of GB1 peptide, 3a,b in which 20 peptide ensembles were generated as a function of temperature, spanning a range from the most ordered ensemble at 270 K to the most disordered at 690 K. In this communication, we compare each of these structural ensembles with experimental NMR data we have recorded for the peptide. We show that the peptide ensembles in the middle range of temperatures near 400 K provide the best fit to the low temperature (278 K) experimental NMR data, thereby providing a set of models for visualizing the heterogeneity present in the experimental ensemble and also an approach that can be used to help calibrate the effective potential.
Ensembles of peptide conformations were generated using REMD, 4 the OPLS-AA/AGBNP effective potential 5 within the IMPACT 6 molecular simulation package. The current generation of implicit solvent models, including OPLS-AA/AGBNP, is not parametrized to accurately model temperature effects and tends to predict overly structured molecules at low temperature, 3a thus leaving open the question of which of the ensembles best matches the experimental chemical shifts, J-couplings (Table S1) , and NOE NMR parameters ( Figure S1 ) obtained on the GB1 peptide at pH 7.0 and 278 K.
The C-terminal -hairpin of the B1 domain of G protein is a small dynamic system. This peptide has been shown by NMR and fluorescence measurements to form a -hairpin in solution. 7a,b One measure of the extent of hairpin formation within the peptide ensemble is the percent of native H bonds formed, where native refers to the H bonds formed in the -hairpin within the intact protein. The REMD ensembles, calculated as a function of temperature, indicate that the system is 35-60% -hairpin over temperatures ranging from 270 to 421 K ( Figure 1a) . All of the peptide ensembles below 421 K are consistent with previous estimates of percent -hairpin derived from NMR chemical shift analysis as well as computer simulations. 7a,8a-c However, detailed analysis of two of these ensembles (270 and 421 K) shows that the populations of the six native H bonds within the peptide have very different H-bond distributions (Figure 1b ). In the low temperature 270 K ensemble, 99% of the structures have at least one native H bond formed. In contrast, the higher temperature ensemble shows a very heterogeneous distribution of H bond populations, with approximately 50% of the structures having no native H bonds.
To determine which ensembles within the range of temperatures from 270 to 690 K best fit the experimental data, comparisons are made between predicted and measured values of HA (Figure 2 ) and HN ( Figure S2 ) chemical shifts and J HAHN scalar couplings ( Figure S3 ). At each simulation temperature, chemical shifts and scalar couplings are calculated for each of the residues in each of the 40 000 structures constituting an ensemble using SHIFTX 9 for the chemical shifts and a Karplus relationship for the J-couplings. 10 The HA and HN chemical shift and J HAHN scalar coupling plots all have minima within the range of temperatures from 381 to 442 K, indicating that the simulation ensembles in this middle temperature range are the most similar to the ensemble represented by the NMR data. Additionally, these ensembles are substantially different from those near 270 K and those near 690 K. The correspondence between the simulation ensembles in this middle range and the low temperature experimental results is further supported by comparing the temperature dependence of predicted and experimental HN chemical shifts. 11a,b The experimental trends are most closely reproduced by matching the predicted temperature-dependent HN chemical shifts for the ensembles in the middle of the simulation temperature range to the experimental low temperature values ( Figure S4 ), supporting the correlation between the experimental system and the heterogeneous hydrogen bonding pattern described by the simulations.
Comparison of distances derived from NOEs provides another approach for selecting the ensembles which best fit the NMR data at low temperature. The NOEs that are included (Figure 3a,b) are those observed for residues 41-56 in the intact G-protein, 12 with the subset seen in the peptide NMR experiments labeled in red. Distances derived from these NOEs, taken from the NMR structure of the protein, are plotted as a control against predicted interproton distances from two ensembles: one at low temperature (270 K) and one from the middle simulation temperature range (421 K). Predicted NOEs are obtained from the simulations by assuming the members of the ensembles interconvert very rapidly and by averaging 〈r -3 〉 over the ensembles. 13a,b At low temperature, most of the points lie along the diagonal, indicating that the conformational ensemble at 270 K is similar to the NMR structure obtained for the -hairpin region in the G-protein. However, the peptide experimental NOEs observed at 278 K are not consistent with either the NMR structure of the G-protein or the simulated ensemble at low temperature; certain short-and long-range NOEs are observed, but many expected short-and long-range NOEs are missing in an unsystematic way.
In contrast, at 421 K, there is a clear systematic separation of NOEs, with all those observed in the peptide at short ensembleaveraged distances. The NOEs that have moved most significantly relative to the 270 K ensemble are sequential HN-HN NOEs corresponding to points 6 (55HN-56HN), 5 (51HN-52HN), and 2 (45HN-46HN) . Neighboring amide protons in the strand of a -hairpin are constrained to be maximally separated, and any change in conformation will bring these protons closer together. The opposite effect takes place for HA i -HN i+1 protons in -strands, which are constrained to be close. Therefore, the introduction of new non-hairpin populations will significantly affect the predicted distances of the sequential amide protons while not greatly changing the averaged distances between sequential HA-HN pairs due to the 〈r -3 〉 averaging, which is biased toward short distances.
That only short interproton distances are observed in the peptide is due to the fact that the small size of the peptide gives rise to a smaller rotational correlation time relative to the same residues in protein G leading to a reduction in the NOE intensity. This smaller NOE intensity in turn means that, for a given noise level, signals corresponding to long distances are lost in the noise. The one NOE that does not follow this pattern is a cross-strand NOE (54HA-44HN) which is observed even though the protons are separated on average by more than 4 Å in the high temperature ensemble. This reflects the fact that, apparently, the simulation does not align the strands of the hairpin as closely as is observed in the peptide.
In conclusion, detailed comparison of REMD simulations to numerous experimental NMR parameters, including HA, HN chemical shifts, J HAHN scalar coupling, and NOEs has provided an approach for identifying the set of simulated ensembles that best match the low temperature experimental data. These ensembles allow the visualization of distinct populations within the conformational ensemble of the GB1 peptide, thereby providing access not only to averages of conformational properties, such as the number of hydrogen bonds, but also to the distributions which make up those averages. What is striking is that the ensembles that best match the experimental NMR data are very inhomogeneous and the fact that they include a large population of conformations with no native hydrogen bonds.
